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Abstract 
The adoption of residential solar photovoltaic (PV) systems is widely regarded as a critical measure to mitigate 

global warming by reducing carbon emissions and supporting a shift toward renewable energy. However, the 

broader impact of residential solar PV on household consumption behaviors remains underexplored. This study 

investigates the effects of residential solar PV adoption on household electricity consumption, with a focus on the 

mediating roles of pro-environmental behaviors and technology adoption. Using structural equation modeling 

(SEM) and data from Japanese households, we examine electricity costs post-adoption as a proxy for usage and 

emissions, highlighting seasonal variations across winter, summer, and spring. Our findings reveal that residential 

solar PV adoption is associated with increased electricity costs in winter (13.899%) and spring (2.429%), but a 

decrease in summer (6.322%). This pattern is partly driven by a greater use of energy-efficient products and 

electric vehicles (EVs) beyond levels that would have been previously been necessary, actually increasing costs, 

as households perceive solar energy as a low-cost resource. These insights suggest that while solar PV reduces 

fossil fuel reliance, it may inadvertently lead to higher energy use. To maximize the environmental benefits of 

solar energy, policies that promote energy conservation, incentivize battery storage, and curb excessive use of 

energy-efficient products are recommended. 
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1 Introduction

1.1 Research background

The Paris Agreement, adopted in 2015, emphasizes the urgent need to mitigate global
warming by transitioning to renewable energy sources like solar power, which is cru-
cial for reducing carbon emissions. Solar photovoltaic (PV) systems are key to this shift,
particularly within the residential sector, where energy consumption significantly con-
tributes toemissions (Qiuetal. (2019);Okuyamaetal. (2022); AgnewandDargusch (2015)).
However, the extent towhich residential solar adoption effectively reduces energy usage
remains insufficiently explored. While solar adoption aims to reduce reliance on fossil
fuels and lower carbon emissions, households may perceive solar-generated electricity
as "free" or low-cost, leading to increased consumption as they feel less constrained by
energy costs (Aydın et al. (2023); Qiu et al. (2019); Deng and Newton (2017); Frondel et
al. (2023)). This rise in energy use, whether intentional or unconscious, can manifest in
behaviors like leaving lights on longer or using more energy-intensive devices (Kutzner
et al. (2021)). This increased energy usage can in turn increase residential emissions.

Westudyhowconsumerbehaviorsafter solaradoptioncan interactwithenergycosts.
The perceived environmental benefit of solar energy can also trigger a moral licensing
effect, where individuals justify increased energy use, believing their solar installation
compensates for their carbon footprint (McCarthy (2024)). On the other hand, solar
adoptionmay encourage pro-environmental lifestyle changes, such as turning off lights
or integrating battery storage systems to reduce consumption. Additional factors, in-
cluding household income, energy prices, and environmental awareness, shape these
usage patterns, leading to diverse outcomes across various contexts (Barkemeyer et al.
(2023)). By examining these dynamics, our study offers insights into howdaily behaviors
can either enhance or hinder emissions reductions and proposes strategies to further
carbon neutrality.

This study sets itself apart from prior research by focusing specifically on electric-
ity usage patterns linked to residential solar PV systems. While previous studies have
broadlyexaminedelectricityusage followingsolarPVadoption (Sorrell et al. (2009); Brock-
way et al. (2021)), few have explored the unique dynamics of residential solar adoption.
Existing literature has investigated how renewable energy adoption might lead to en-
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ergy rebounds (Smeets et al. (2014); Galvin et al. (2021)), yet most studies have concen-
trated on increases in energy use following energy efficiency improvements (Yoo et al.
(2019); Brännlund et al. (2007)) or technological advancements (Yang and Li (2017)).
Limited attention has been given to renewable energy, especially residential solar PV, in
this context. Given the essential role of residential solar PV in reducing carbon emis-
sions—particularly in urban settings where daily lifestyle choices significantly influence
carbon footprints—it is crucial tounderstandelectricityusagepatterns and theparadox-
ical potential for perceived energy savings to drive increased consumption.

Second, in urban settings where lifestyle choices strongly shape energy consump-
tion, understanding the interactionbetween solar adoptionanddailybehaviors is essen-
tial. Previous studies, such as Hondo and Baba (2010) and Kratschmann and Dütschke
(2021), indicate that solar adoption often fosters environmentally conscious behaviors.
However, recent research also points to how these behaviors can, paradoxically, lead to
higher electricity costs (Duarte et al. (2016); Dorner (2019)). Building on these findings,
we hypothesize that pro-environmental behaviors prompted by solar adoption—from
smalldailyactions to technologicalupgrades—mayunintentionally raiseelectricity costs.
Exploring these indirect effects, where shifts in behavior influence consumption pat-
terns, is essential to fully harness the environmental benefits of residential solar systems.
Our study focuses on electricity usage patterns rather than rebound effects, highlighting
how solar PV adoption aligns with daily lifestyle choices.

1.2 Contextual background

Japan represents auniquecase in theglobal effort to reducecarbonemissionsand transi-
tion tocleanenergy. Despite itsparticipation in international climateaccords like theKy-
oto Protocol, Japan’s domestic progress toward its climate goals has beenmodest. While
the share of renewable energy in electricity generation has grown, it still lags behind the
European average (Schumacher (2019)). With the deadline to meet its nationally deter-
minedcontributions (NDC)approaching, Japan faces increasingpressure to shift toward
greener energy sources (Kuramochi (2015)). However, this transition is hampered by
challenges suchas limitednatural resources (Li et al. (2016)), inefficient landuse (Nakada
etal. (2016)), andsupplychainvulnerabilities exacerbatedbynaturaldisasters (Kitamura
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andManagi (2017)).
To navigate these obstacles, Japan’s sixth basic energy plan, built on the S+3E prin-

ciple, integrates safety, energy security, economic efficiency, and environmental sus-
tainability, emphasizing the need to boost renewable energy (Moinuddin and Kuriyama
(2019)). PV energy, in particular, is well-suited to Japan due to its versatility, allowing
deployment across diverse settings, from rooftops to water bodies. PVs also offer stabil-
ity against supply chain disruptions and resilience during frequent natural disasters like
earthquakes (Nakada et al. (2016)).

As a result of this policy, solar PV adoption in Japan has surged over the past two
decades. From Okuyama et al. (2022), the number of yearly and cumulative PV installa-
tions has increased steadily since 2000, with a sharp rise after 2012, following the proac-
tive push for renewable energy in the wake of the Great East Japan Earthquake. How-
ever, with PVs playing a growing role in Japan’s energy mix, the risk of rebound effects
becomes increasingly concerning. If PV adoption inadvertently increases overall energy
consumption, theenvironmentalbenefitsof transitioning to solar couldbeundermined.
Therefore, it is essential to explore themechanisms driving these rebound effects and to
better understand the behavioral factors contributing to such outcomes. Doing so will
help reconcile the intendedenvironmental benefits of solar PVswith their actual impact.

This study is structured as follows: Section 2 reviews the relevant literature and out-
linesour researchhypotheses. Section3 introduces thedataandexplains themodelused
in the analysis. Section 4 presents the empirical results, while Section 5 discusses the
findings and their policy implications. Finally, Section 6 provides the conclusion of the
study.

2 Literature Review and Research Hypothesis

2.1 Electricity costs for households with installed PV systems

Electricity costs are a significant factor in residential PV adoption decisions (Alipour et
al. (2020); Legault et al. (2024)). Japanese consumers generally expect that installing res-
idential PV systems will reduce their electricity costs by decreasing the amount of elec-
tricity they need to purchase from the grid (Tsurusaki et al. (2017)). Additionally, surplus
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electricity generated by PV systems can be sold back to utilities at a fixed rate under the
feed-in tariff (FiT) scheme, enabling households with residential PV systems—known as
prosumers—to earn income from these sales (Galvin (2021)). Supporting this expecta-
tion, Okuyama et al. (2022) found that households in Japan with PV systems typically
experience lower electricity costs than those without.

However, PV installation does not always result in reduced electricity expenses. One
reason is the "rebound effect,"which has received growing attention in the energy litera-
ture. In the context of residential PV, the rebound effect refers to an increase in electricity
consumption beyond previous levels because themarginal cost of electricity essentially
falls to zero with PV installation (Nguyen et al. (2024)). For instance, Aydın et al. (2023)
examined the electricity consumption behavior of households on the island of Texel in
theNetherlands, identifying a7.7%reboundeffect associatedwithPV installation,which
was more pronounced in summer when solar irradiance is higher. Similarly, Nguyen et
al. (2024) usedpanel data fromVietnamesehouseholds and found that, while rooftopPV
systems reduced grid consumption by 3.6%, total electricity consumption rose by about
16%. Studies in Germany (Frondel et al. (2023)), Australia (Deng and Newton (2017)),
Belgium (Boccard and Gautier (2021)), the United States (Qiu et al. (2019); Beppler et
al. (2023)), and Japan (Okuyama et al. (2022)) report similar findings, indicating that the
rebound effect is a common phenomenon.

The reboundeffect isoftenattributed tobothfinancial andpsychological factors (Toroghi
and Oliver (2019); Galvin (2021)). Financially, lower electricity prices due to PV instal-
lations can increase disposable income, which may lead to additional electricity con-
sumption as households purchase more energy-efficient appliances or engage in other
energy-intensive activities (i.e., the income effect). Furthermore, lower electricity prices
canmake electricitymore appealing relative to other energy sources, potentially encour-
aginghouseholds toadopt electric vehicles (EVs)or inductionhobs, thus increasingelec-
tricity demand (i.e., the substitution effect).

Psychologically, the concept of "moral licensing" plays a role in the rebound effect.
With moral licensing, households may feel justified in using more electricity—such as
running air conditioning for extended periods—believing that their PV installation al-
ready offsets their environmental impact (Galvin (2021); Nguyen et al. (2024)). Although
few empirical studies have directly examined moral licensing within the context of PV
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adoption, its presence is well-established in the study of pro-environmental behavior
(Tiefenbeck et al. (2013); Werfel (2017)). For example, in a survey conducted by Galvin
(2021), some respondentswith residential PV systemsacknowledgedusing thePV instal-
lation as a justification for increased energy consumption.

In contrast, residential PV installations can lead to reduced electricity consumption
through the"spillovereffect"ofpro-environmentalbehaviors (Öhrlundetal. (2020); Galvin
(2021); Manika et al. (2021)). The spillover effect suggests that participation in one pro-
environmentalbehaviorencouragesengagement inadditional eco-friendlyactions (Tru-
elove et al. (2014)). In the context of residential PV, this effect implies that households
installing PV systemsmay adopt other energy-saving practices, such as conserving elec-
tricity, in a positive feedback loop. Several studies have shown that residential PV instal-
lations promote behaviors like energy conservation and recycling (Manika et al. (2021);
Wang et al. (2023)). Moreover, in an interview survey, many PV-owning households re-
portedheightenedenvironmental awarenessasa resultof their installations (Galvin (2021)).
However, Öhrlund et al. (2020) foundno clear evidence that PV installations consistently
motivated subjects to conserve electricity or engage in other pro-environmental behav-
iors.

Despite the potential for a rebound effect leading to increased electricity consump-
tion, households with PV should experience minimal increases in electricity prices due
to the zero marginal cost of PV-generated electricity and the income potential from FiT
systemsales. However, the situation ismore complexwhenaccounting for seasonal vari-
ability inPVoutput, technology factors (e.g., storagebatteries andEVs), and institutional
elements (e.g., expiration of FiT benefits and output regulation) (Galvin (2021)).

The efficiency of PV electricity generation varies significantly with season and time
of day. Generation peaks in summer, when sunlight hours are longest, and dips in win-
ter due to shorter daylight hours (Kobashi et al. (2020); Zhang et al. (2024)). Similarly, PV
output is highest during daylight and ceases at night (Kobashi et al. (2020)). This tempo-
ral heterogeneity creates a mismatch with peak electricity demand, which often occurs
in winter and at night when PV output is at its lowest (Kobashi et al. (2020)). Households
facing electricity shortfalls must then "involuntarily" purchase power from the grid, ex-
cept for thosewith technologies like storagebatteries orVehicle-to-Home (V2H) systems
that allow daytime-stored electricity to be used after sunset (Zhang et al. (2024)).
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Institutional factors, such as the temporary nature of FiT schemes andoutput regula-
tion, also impact electricity costs for PV households (Galvin (2021); Zhang et al. (2024)).
FiT schemes are generally short-term policies aimed at promoting PV adoption. For in-
stance, in Japan, the residential PV FiT program began in 2009 with a 10-year purchase
period, ending around November 2019. As these households lost FiT benefits, some
shifted substantially to self-consumption (Galvin (2021)).

Furthermore, generationcurtailment (i.e., outputcontrol) isoccasionally implemented
to stabilize electricity supply when generation significantly exceeds demand. This cur-
tailment affects household income fromelectricity sales, as surplus electricity cannot be
sold to the grid andmay be wasted if storage options (e.g., batteries or EVs) are unavail-
able (Zhanget al. (2024)). InGermany, somePVowners reported lost revenueopportuni-
ties from FiT schemes due to day-ahead output control, underscoring this issue (Galvin
(2021)). In Japan, residential PV systems under 10 kW are generally exempt from output
control, and residential systems are rarely subject to it.

2.2 Research hypothesis development

Summarizing the discussions in the previous subsections, it is evident that electricity
costs for households with PV installations vary significantly based on financial and psy-
chological behavioral changes, including rebound and spillover effects, as well as tech-
nological factors such as PV’s temporal variability, output control, and the availability of
battery storage. The primary aimof this study is to understand themechanisms through
which PV installations influence household electricity costs.

Specifically,we testhypotheses 1-5below. First,we investigatepsychological changes
in behavior due to residential PV installations. As outlined in Section 2.1, residential PV
installations may have both positive and negative impacts on pro-environmental be-
haviors: moral licensingmay reduce energy conservation, while the spillover effect may
encourage it. Additionally, energy conservation generally reduces household electricity
costs (and vice versa) (Wittenberg andMatthies (2016)). The following hypotheses 1a-1c
are thus be tested:

Hypothesis 1a: Residential PV installation affects energy conservation behavior.
Hypothesis 1b: Energy conservation behavior affects residential electricity costs.
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Hypothesis 1c: Residential PV installation affects residential electricity costs through
energy conservation behavior.

We then examine the income effect as a financial behavioral change resulting from
residential PV installation. As discussed in Section 2.1, PV installations may encourage
the purchase of energy-efficient products through increased disposable income. While
energy-efficient products generally lower electricity costs, theymay contribute to higher
costs if the rebound effect from these products is considered (Galvin (2021)). The follow-
ing hypotheses 2a-2c are tested:

Hypothesis 2a: Residential PV installation encourages the purchase of energy efficient
products.

Hypothesis 2b: Purchasing energy efficient products affects residential electricity costs.
Hypothesis 2c: Residential PV installation encourages the purchase of energy efficient

products, which in turn affects residential electricity costs.
We also assess the substitution effect, another financial behavioral change linked to

residential PV adoption. As highlighted in Section 2.1, PV installations may encourage
households to switch from gasoline vehicles to EVs. While EV purchases typically in-
crease electricity costs, they could also reduce costs if used as storage batteries (i.e., V2H)
(Zhang et al. (2024)). The following hypotheses 3a-3c are tested:

Hypothesis 3a: Residential PV installation encourages EV purchases.
Hypothesis 3b: EV purchases affect residential electricity costs.
Hypothesis 3c: Residential PV installation encourages EV purchase, which in turn af-

fects residential electricity costs.
Next, we examine the role of battery storage, a technical factor mediating the rela-

tionship between residential PV installation and electricity costs. As discussed in Sec-
tion 2.1, battery storage effectively addresses technical challenges such as peak demand
mismatches andoutput control due to PV’s temporal heterogeneity (Zhang et al. (2024)).
Households with PV installations are incentivized to purchase storage batteries, which
can lower electricity costs. Given this, the following hypotheses 4a-4c are tested:

Hypothesis 4a: Residential PV installation encourages the purchase of storage batter-
ies.

Hypothesis 4b: The purchase of storage batteries contributes to lower residential elec-
tricity costs.
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Hypothesis 4c: Residential PV installation encourages the purchase of storage batter-
ies, which contributes to lower residential electricity costs.

3 Empirical Strategy

3.1 Data

We use cross-sectional data from a nationwide online survey conducted in August 2024
by theResearch Institute of Economy, Trade and Industry, IAA (RIETI). The survey imple-
mentation was outsourced to Loyalty Marketing, Inc., which was responsible for carry-
ing out the survey operations on behalf of RIETI. To ensure the representativeness of the
sample, the survey was conducted by allocating responses based on the population dis-
tributionof the10 regionsofHokkaido, Tohoku, Kanto,Hokuriku, Tokai, Kinki, Chugoku,
Shikoku, Kyushu, and Okinawa. The number of respondents are 10,000.

The survey aimed to understand energy consumption behavior of individuals living
in Japan. It covered topics such as electricity bills, solar panel installations, environmen-
tal behaviors, environmental awareness, and personal attributes.

Monthly electricity cost. The respondents were asked to enter their home electric-
ity bills for each period. Respondents reported their household electricity bills in JPY
for (i) May 2023, (ii) August 2023, and (iii) January 2024. To ensure accuracy, they were
instructed to refer to their electricity bill statements, solar panel monitors, and related
sourceswhen entering the amounts. We analyze (i) as the spring electricity bill, (ii) as the
summer electricity bill, and (iii) as thewinter electricity bill. To remove outliers fromour
analytical sample, we excluded respondents whose reported electricity bills fall within
the top or bottom 5%.

Solar adoption. Respondents indicated whether their homes had solar panels in-
stalled. We create a dummy variable set to 1 for those who reported having solar panels.

Pro-environmental behaviors. Respondents selected actions they had taken to con-
serve electricity and energy fromaprovided list. They reported their behaviors during (i)
the last winter, (ii) the last summer, and (iii) the last spring and fall. A dummy variable
was created for each action, set to 1 if the action was taken and 0 otherwise. Exploratory
factor analysis was applied to these variables, identifying two latent variables represent-
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ing environmental behavior. Table 1 presents the environmental actions used as indica-
tors, their corresponding factor categories, andCronbach’s alpha values. The key aspects
of each latent variable are summarized as follows:

• Energy conservation behavior (ECB) represents the tendency to conserve electric-
ity, with indicator variables including actions such as “turning off lights after use”
and “turning off the TV after use.” As these actions are negatively correlated with
the ECB latent variable (according to the measurement equation results), we refer
to the derived latent variable as negative ECB (nECB) in the results section, indicat-
ing a reduced likelihood of engaging in such behaviors.

• Purchasingenergy-efficientproducts (PEP)captures the tendency topurchaseenergy-
efficient products. Indicator variables include actions like “replaced the air con-
ditioner with an energy-efficient model,” reflecting efforts to upgrade household
appliances for improved energy efficiency. In our study, energy-saving appliances
were categorized into air conditioners, refrigerators, and other major household
devices.

We assess the reliability of the scale for the latent constructs using Cronbach’s alpha
(shown in Table 1), a widely accepted index, with 0.6 or higher considered acceptable
(e.g., Šprajc et al. (2019)). The alpha values for ECBexceed 0.6 across all seasons,meeting
this threshold. In terms of PEP, while the alpha coefficients are less than the threshold,
this seems to be related to the variation in when the respondents baught each energy-
efficient product. In general, Cronbach’s alpha values tend to be higher when the indi-
cator variables are highly correlated each other. However, as actual behavior is used as
the indicator variable, there seems to be the variation in the timing in which the action
was performed, compared towhen attitudinal indicators are used, whichmay result in a
relatively low correlation and a small alpha coefficient value. In our study, we decide to
prioritize to use the current indicator variables basedonactual behavior for suitability to
our researchquestion, insteadof usingotherhighly correlated indicator variables like at-
titude or awareness. The descriptive statistics for the indicator variables associatedwith
pro-environmental behaviors are presented in the Appendix.

Technology adoptions. Respondents were asked whether they had an EV charger or a
homebattery storage system installed in their home. Wecreate twodummyvariables: an
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Table 1: Pro-environmental behaviors and corresponding latent variables

Indicators Latent variables Cronbach’s alpha
Winter Summer Spring

ECB1: (-) Turn off the lights after each use
Energy conservation
behavior (ECB) 0.6469 0.6929 0.6969ECB2: (-) Turn off the TV after each use

ECB3: (-) Turn off the computer when not in use
ECB4: (-) Turn down the air conditioner
PEP1: Replaced the air conditioner with

an energy-efficient model
Purchasing energy

efficient products (PEP) 0.4784 0.4369 0.4719PEP2: Replaced the refrigerator with
an energy-efficient model

PEP3: Replaced other electrical appliances
with energy-efficient models

EV dummy, indicating the presence of an EV charger, and a battery dummy, indicating
the installation of a home battery storage.

Attitude. Respondents were asked, "How concerned are you about the following is-
sues?" for four items: local environmental issues, global environmental issues, energy
security, and energy supply and demand. They responded using a 5-point scale: 1 = "not
at all concerned," 2 = "not very concerned," 3 = "neither," 4 = "somewhat concerned,"
and 5 = "very concerned." A latent variable derived from these responses is included as
a control variable to represent environmental attitudes. The descriptive statistics for the
indicator variables of environmental attitudes are presented in the Appendix.

Socio-economic characteristics. We include respondents’ characteristics such as age,
gender, income,housingattributes (numberof rooms, buildingage, andhouseholdsize),
employment status (student, worker, or other), and educational background (university
graduate, high school graduate, or other). These factors are considered determinants of
electricity costs and are likely correlated with solar adoption and environmental behav-
ior, necessitating their inclusion as control variables in our estimationmodel.

Table 2 provides the descriptive statistics for the variables included in our estima-
tion. Additionally, Figure 1 illustrates the average electricity cost by season, comparing
householdswith andwithout residential solar panels. Householdswith solarpanels gen-
erally show higher average electricity costs than those without. Seasonally, electricity
costs peak in winter (2024 January), followed by summer (2023 August) and spring (2023
May). Notably, the seasonal gap in electricity costs between households with and with-
out solar panels ismost pronounced inwinter, where householdswith solar panels incur
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electricity bills 34.5% higher than those without. The gap is also observed in other sea-
sons, with solar-equipped households paying 21.7% more in spring and 5.0% more in
summer than those without. It is important to note that the higher electricity costs ob-
served for residents with solar panels may be attributable to the lack of controls for so-
cioeconomic characteristics. Factors such as household income, size, and building age
could confound the relationship between solar panel adoption and electricity costs. In
the estimation process, we incorporate these control variables to account for such po-
tential confounding effects.

Table 2: Descriptive Statistics

Variable Observations Mean Std. Dev. Min Max
Age 3,916 38.408 9.497 3 53
Male Dummy 3,916 0.759 0.427 0 1
Annual Income (10,000 JPY) 3,916 670.710 500.916 100 3,500
Building Area (M2) 3,916 81.001 41.795 10 170
One RoomDummy 3,916 0.078 0.269 0 1
Building Age (Years) 3,916 22.492 10.552 1 35
Single Household Dummy 3,916 0.226 0.418 0 1
Student Dummy 3,916 0.003 0.055 0 1
Worker Dummy 3,916 0.421 0.494 0 1
University Graduate Dummy 3,916 0.504 0.500 0 1
High School Graduate Dummy 3,916 0.244 0.430 0 1
Monthly Electricity Cost (Winter, JPY) 3,916 12,779.91 11,536.35 3,016 200,000
Monthly Electricity Cost (Summer, JPY) 3,776 12,306.49 8,577.927 3,003 180,000
Monthly Electricity Cost (Spring, JPY) 3,758 12,461.79 10,462.73 1,000 280,000
Solar Adoption Dummy 3,916 0.111 0.315 0 1
Battery Dummy 3,916 0.034 0.180 0 1
EV Dummy 3,916 .026 0.158 0 1

3.2 Model

We utilize structural equation modeling (SEM) to assess the relationship between resi-
dential solar adoption, pro-environmental behaviors and electricity costs. There are two
main reasons for using SEM. First, it allows us to decompose the impact of solar panel
installation on electricity bills into direct effects and indirect effects mediated by pro-
environmental behavior. This is achieved by modeling three types of paths: from so-
lar power to electricity bills, from solar power to pro-environmental behavior, and from
pro-environmental behavior to electricity bills. Second, SEMenables simultaneous esti-
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Figure 1: Seasonal Energy Costs by Residential Solar Panel Adoption

mation of latent variables representing tendencies toward pro-environmental behavior,
alongside the relationship between electricity bills and solar panel adoption. Estimat-
ing latent variables and key relationships simultaneously offers methodological advan-
tages over a sequential approach that first estimates latent variables and then applies
regression analysis (e.g., Raveau et al. (2012)). Thus, we followed the empirical strategies
used in previous works on pro-environmental behaviors by applying SEM (Pontes et al.
(2024); McCarthy (2024)). We use a maximum-likelihood approach for estimating our
specification. Moreover, we allowed for the correlation between the tendency to engage
in environmental behavior.

We develop the SEMmodel illustrated in Figure 2 to capture the relationships among
solar adoption, pro-environmental behaviors, and electricity cost. In this model, elec-
tricity cost is determined by solar adoption, pro-environmental behaviors, environmen-
tal attitudes, and socio-economic variables. Pro-environmental behaviors are also hy-
pothesized to be influenced by solar adoption. Additionally, we assume that solar adop-
tion is driven by environmental attitudes and socio-economic characteristics. Estimat-
ing themodel for each season enables us to quantify both the direct and indirect effects
of solar adoption on electricity costs.

Toachievebettermodel fit, weassumedcorrelationsbetween someof the error terms
associated with indicator variables. Hypothesizing these types of correlations can thus
improve our model’s ability to explain the data. All the latent variables were standard-
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Figure 2: Modeling Framework

ized such that the mean value was 0 and the standard deviation was 1. Therefore, our
results show the changes in the dependent variables following a one-standard-deviation
increase in a latent variable, while the other latent variables remain fixed. In equation
form, we simultaneously estimate the following two equations:

D = Aη +Bx+ ϵ, (1)

y = Λη + ν, (2)

whereD is a vector of dependent variables—ln(Electricity cost), solar adoption and
pro-environmental behaviors; η is a vector of two latent constructs, including ECB and
PEP.x represents a set of socioeconomic characteristics andpro-environmental attitude;

14



y is a vector of indicator variables used to measure the latent variables listed in Table 1;
andA,B, andΛ are matrices of unknown parameters to be estimated. The error terms
are denoted by ϵ and ν.

Equation (1) is the structural equation, capturing the relationshipbetween latent and
dependent variables. Equation (2) is the measurement equation, used to estimate the
factor loadingmatrix (Λ) and predict latent variable scores (η).

Using the estimated coefficients from the SEM model, we calculate both the direct
and indirect effects of solar adoption on electricity costs. The direct effect is captured by
the coefficient of solar adoption on the log of electricity costs. Indirect effects are calcu-
lated by multiplying relevant coefficients. For instance, the effect of solar adoption on
electricity costs through ECB is obtained bymultiplying the coefficient of solar adoption
on ECBwith the coefficient of ECB on the log of electricity costs.

When displaying the estimation results, we report standardized coefficient, which is
frequently adopted in studies using SEM. The standardized coefficient refers to the cor-
relation when all dependent and independent variables are standardized, which corre-
sponds to the impact of increase in the independent variable by 1 standard deviation on
the standardized dependent variable. However, while standardized coefficients are use-
ful for comparing the effect of variation in independent variables on variation in the de-
pendentvariable, theyarenot suitable for interpreting theactual change in theelectricity
cost. Therefore, when calculating the direct and indirect effects of the solar adoption on
changes in electricity costs, we utilize unstandardized coefficients instead.

Full details of the model specifications in equation form, the procedures for calcu-
lating indirect effects, and the estimated coefficients for themeasurement equations are
provided in theAppendix. In termsofECB, as all coefficients on its indicator variables are
negative, we refer to this latent variable as nECB (negative ECB) to represent individuals’
tendency not to engage in energy conservation behavior from the result section.
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4 Result

Table 3 presents the results from our SEM analysis, which examines the impact of so-
lar adoption and various factors on electricity costs across three seasonal models: Win-
ter, Summer, and Spring. The dependent variables are solar adoption and electricity
costs, and the standardizedcoefficients allowcomparisonacrossmodels, indicatinghow
much the dependent variable would change if the independent variables increase by 1
standard deviation.
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Table 3: Estimation Results

Winter (N=3,916) Summer (N=3,953) Spring (N=3,867)

DV: Solar DV: Electricity DV: Solar DV: Electricity DV: Solar DV: Electricity
Adoption Cost Adoption Cost Adoption Cost

Panel (A) DV: Solar Adoption and Electricity Costs
Solar Adoption 0.074*** -0.045*** -0.003

(0.017) (0.016) (0.017)
Attitude 0.045*** 0.005 0.048*** -0.003 0.049*** -0.019

(0.016) (0.015) (0.016) (0.015) (0.016) (0.015)
Logarized Age -0.089*** -0.006 -0.086*** 0.025 -0.087*** 0.051***

(0.018) (0.017) (0.017) (0.016) (0.018) (0.017)
Male 0.071*** 0.103*** 0.066*** 0.087*** 0.067*** 0.114***

(0.016) (0.015) (0.016) (0.015) (0.016) (0.015)
Logarized Annual Income 0.013 0.084*** 0.012 0.107*** 0.012 0.090***

(0.018) (0.017) (0.018) (0.017) (0.018) (0.017)
Logarized Building Area 0.156*** 0.193*** 0.151*** 0.169*** 0.150*** 0.182***

(0.019) (0.018) (0.019) (0.018) (0.019) (0.018)
One Room 0.023 -0.010 0.024 -0.021 0.024 -0.024

(0.018) (0.017) (0.018) (0.017) (0.018) (0.017)
Building Age -0.204*** -0.016 -0.206*** -0.008 -0.207*** -0.041***

(0.016) (0.016) (0.016) (0.016) (0.016) (0.016)
Single Household -0.048*** -0.231*** -0.058*** -0.287*** -0.061*** -0.270***

(0.018) (0.017) (0.018) (0.016) (0.018) (0.016)
Student 0.021 -0.012 0.026 0.004 0.025 0.006

(0.016) (0.015) (0.016) (0.015) (0.016) (0.015)
Worker -0.032* -0.065*** -0.031* -0.035** -0.034 -0.040***

(0.017) (0.016) (0.017) (0.016) (0.017) (0.016)
University Graduates 0.001 -0.010 -0.001 -0.006 0.002 -0.016

(0.019) (0.018) (0.019) (0.018) (0.019) (0.018)
High School Graduates 0.040** 0.040** 0.044** 0.045** 0.046** 0.029

(0.019) (0.018) (0.019) (0.017) (0.019) (0.018)

Panel (B) DV: Pro-Environmental Behaviors and Technology Adoptions
Solar adoption 0.205*** 0.202*** 0.201***
→ EV (0.015) (0.089) (0.015)
Solar adoption 0.424*** 0.430*** 0.429***
→ Battery (0.013) (0.013) (0.013)
Solar adoption -0.028* 0.304 0.424**
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Winter (N=3,916) Summer (N=3,953) Spring (N=3,867)

→ nECB (0.016) (0.016) (0.017)
Solar adoption 0.110*** 0.112*** 0.185***
→ PEP (0.022) (0.022) (0.023)

EV 0.073*** 0.044*** 0.041***
→ Electricity cost (0.017) (0.016) (0.015)
Battery -0.028* -0.038** 0.001
→ Electricity cost (0.016) (0.016) (0.016)
nECB 0.071*** 0.158*** 0.053**
→ Electricity cost (0.020) (0.022) (0.024)
PEP 0.110*** 0.082*** 0.080***
→ Electricity cost (0.022) (0.022) (0.022)
Constant 1.333*** 12.609*** 1.368*** 13.919*** 1.388*** 11.187***

(0.389) (0.407) (0.390) (0.413) (0.394) (0.406)

Goodness of Fit
CFI 0.868 0.901 0.906
RMSEA 0.036 0.033 0.031
SRMR 0.037 0.034 0.033

Note: * p<0.1, ** p<0.05, *** p<0.01. Standard errors are shown in parentheses.

Solar adoption Solar adoption has amixed impact on electricity costs across seasons.
In Winter, it significantly increases electricity costs, with a coefficient of 0.074. In con-
trast, in Summer, solar adoption leads to a decrease in electricity costs, with a coefficient
of -0.045, reflecting potential energy savings duringwarmermonths. No statistically sig-
nificant impact is observed in Spring.

Pro-environmental behaviors The results indicate that pro-environmental behaviors
(nECBandPEP) are significantly associatedwith electricity costs in all three seasons. For
instance, nECB shows a positive and significant correlation with electricity costs, with
coefficients of 0.071 inWinter, 0.158 in Summer, and 0.053 in Spring. Similarly, PEP also
demonstrates positive and statistically significant effects, with coefficients of 0.110 in
Winter, 0.082 in Summer, and 0.080 in Spring.

These pro-environmental behaviors seem to be influenced by solar adoption. For
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instance, inWinter, solar adoption is associated with a reduction in nECB, which subse-
quently decreases electricity costs. However, across all seasons, solar adoption appears
to encourage PEP, which in turn leads to an increase in electricity costs. This seasonal
variation highlights the impact of solar adoption on pro-environmental behaviors, sug-
gesting that while some behaviors may align with energy-saving goals, others might in-
advertently raise electricity consumption.

EV and Battery The adoption of technologies like batteries and EVs plays a notable
role in both solar adoption and electricity costs. Battery adoption consistently corre-
lates with increased solar adoption, showing strong and significant coefficients around
0.42-0.43 across all seasons. However, its influence on electricity costs varies by season:
in Winter and Summer, battery adoption is associated with reduced electricity costs, as
evidenced by negative coefficients of -0.028 and -0.038, respectively, while its impact is
negligible in Spring. In contrast, EV adoption is linked to higher electricity costs across
all seasons, with significant positive coefficients, indicating that while these technolo-
gies support solar adoption, they can also lead to increased energy consumption under
certain conditions.

Socio-economicvariables Socio-economicvariablesalsoplaya role in influencingelec-
tricity costs. Beingmale is associatedwithhigher electricity costs across all seasons, with
coefficients ranging from0.087 to 0.114. Income andbuilding area are consistently posi-
tively correlatedwith electricity costs, while living in a single-household dwelling signif-
icantly reduces electricity costs in allmodels, with coefficients of -0.231 inWinter, -0.287
in Summer, and -0.270 in Spring. Other variables, such as age and worker status, show
varied significance depending on the season.

Goodnessoffit Themodels exhibit acceptablefit statistics. The rootmean square error
of approximation (RMSEA) is less than 0.08, the standardized root mean squared resid-
ual (SRMR) is less than 0.05, and the comparative fit index (CFI) is above 0.8, all indi-
cating good model fit (Okada et al. (2019)). The presence of some missing data in the
socio-demographic variables slightly reduced the sample sizes across the seasons, but
the overall model fit remains robust.
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Next, using the estimated parameters from Table 3, we calculate the changes in elec-
tricity usage across the three seasons—Winter, Summer, and Spring—attributed to solar
adoption, technologyadoption (electric vehiclesandbattery systems), andsolar-induced
pro-environmental behaviors (ECB and PEP). For these calculations, we rely on the un-
standardized coefficients, to better capture the absolute changes in electricity usagepat-
terns.

Table 4 presents the results of these calculations. It reveals that solar adoption has
the largest impact on electricity usage in Winter, resulting in a 14.39% increase in elec-
tricity costs. In Summer, however, solar adoption leads to a 7.20% reduction, reflecting
energy efficiency gains in warmer months. Spring shows a smaller decrease of -0.680%,
suggesting amoderate seasonal effect.

The adoption of EVs contributes to an increase in electricity costs across all seasons,
with the largest effect observed in Summer (1.60%) and the smallest in Spring (0.53%).
Battery adoption, on the other hand, reduces electricity costs in both Winter (-2.43%)
and Summer (-2.94%), indicating its role in improving energy storage efficiency. How-
ever, its effect in Spring is negligible (0.06%).

Solar-induced pro-environmental behaviors have mixed effects. ECB shows a slight
reduction in electricity costs in Winter (-0.40%) but increases in both Summer (0.40%)
andSpring (0.35%). PEPhas amore consistent positive effect, increasing electricity costs
in all seasons, with the highest impact in Spring (2.17%).

In total, the sum of these effects results in a 13.899% increase in electricity costs in
Winter, a 6.322% reduction in Summer, and a 2.429% increase in Spring.

Table 4: Changes in Electricity Usage Across Seasons

Changes in Electricity Usage Winter Summer Spring

(A) Solar Adoption→ Electricity Cost 14.389% -7.200% -0.680%
(B) Solar Adoption→ EV→ Electricity Cost 1.269% 1.600% 0.530%
(C) Solar Adoption→ Battery→ Electricity Cost -2.433% -2.935% 0.064%
(D) Solar Adoption→ ECB→ Electricity Cost -0.400% 0.400% 0.350%
(E) Solar Adoption→ PEP→ Electricity Cost 1.075% 1.813% 2.165%
Sum (A)+(B)+(C)+(D)+(E) 13.899% -6.322% 2.429%
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5 Discussion

5.1 Interpretation of results

The mediating effect of psychological behavioral change (Hypothesis 1) was supported
only for winter. In other words, the residential PV installation promotes energy conser-
vationbehavior (i.e., decreases energywastingbehavior) such as turningoff thepower to
TVs, lights, and computers, and turning down the air conditioner, and thus contributes
to a decrease in residential electricity costs. This is important evidence that the spillover
effect is dominant over moral licensing in the context of the impact of residential PV in-
stallation on energy conservation behavior. For the summer months, we found no evi-
dence to supporthypothesis 1a, that the residentialPV installationpromotesenergycon-
servation behavior. It may be that prosumers who install residential PV do not want to
contribute to energy conservation at the physical cost of enduring the summer heat.

The mediating effect of the income effect (Hypothesis 2) was supported in all sea-
sons. Inotherwords, the residential PV installationpromotes the replacement of energy-
efficient home appliances, such as air conditioners and refrigerators, and consequently
contributes to an increase in residential electricity costs. It is worth noting that the re-
placementofhomeappliancesaimedatenergy savings ironically contributes to increased
electricity costs. Part of the reason for this phenomenon is the illusionheldbyprosumers
that electricity is free regardless of the season or time of day. For example, during the
nights when household electricity demand peaks, most of the electricity they consume
is unknowingly purchased from the grid, which is not free. It is also possible that the PV
installation triggered moral licensing by prosumers. They may have been satisfied with
their own green behavior of PV installation and justified other non-green behaviors (i.e.,
energy wasting).

The mediating effect of the substitution effect (Hypothesis 3) was supported in all
seasons. In other words, residential PV installation encourages the switch (or new pur-
chase) of gasoline-powered vehicles to EVs based on the substitution effect, and as a re-
sult, it contributes to an increase in residential electricity costs. It is rational for pro-
sumers, who "should" be able to produce electricity at zero marginal cost, to choose to
switch from gasoline-powered vehicles to EVs. What we need to recognize is that the
cost-effectiveness of owning both PV and EV is not as high as prosumers expect. For ex-
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ample, an EV used for commuting is charged at home at night, when electricity must be
purchased from the grid, rather than during the day, when generating capacity is avail-
able. This type of lifestyle is not conducive to reaping the benefits of PV and EV pairing.

The mediating effect of technological factors (Hypothesis 4) was supported in win-
ter and summer. In other words, the residential PV installation encourages the installa-
tion of storage batteries, which in turn contributes to lower residential electricity costs.
Themediationeffectwas confirmedonly inwinter andsummerbecause thediscrepancy
between the peak electricity demand and supply periods rarely occurs in the spring sea-
son. For example, inwinter and summer, heating and cooling demandoccurs during the
evening hours when there is no power generation, while in spring, heating and cooling
demand rarely occurs throughout the day. The introduction of residential PV and stor-
age batteries together can overcome the technical challenge of the mismatch between
supply and demand time and certainly lower the residential electricity costs.

This study found that the electricity costs of householdswith PV systems in Japan are
lower than thoseof householdswithoutPV systemsonly in summer, andhigher inwinter
and spring (see Table 4). It is important to recognize the difference between our results
and those of related research (Okuyama et al. (2022)), which found that the electricity
costs of JapanesehouseholdswithPV systemswere lower than thoseof householdswith-
out PV systems. Specifically, this study accounted for the differences in electricity con-
sumption patterns in the three seasons (winter, summer, and spring), while Okuyama et
al. (2022) treated it as amixture. In addition, their data sample was collected fromOcto-
ber 2014 to March 2019 and did not include households whose FiT benefits had ended
(which started to appear in November 2019). Our results can be interpreted as the most
recent snapshot of electricity consumption patterns for Japanese households with PV
installations, based on data from 2023 onwards.

5.2 Policy implications

Based on the discussion in the previous subsection, the following policy implications
can be drawn to reduce electricity costs for households with residential PV systems and
to achieve a sustainable urban lifestyle:
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Recognizing the spillover effect and promoting energy conservation behavior of pro-
sumers. The good news for policy makers is that evidence has been found that the
residential PV installation promotes energy conservation behavior. Policy makers can
fully recognize this spillover effect and consider further opportunities to promote en-
ergy conservation behavior of prosumers. For example, providing prosumers with apps
or devices that visualize energy use in the home and surrounding area could help them
understand their power consumption trends and savings results, leading to further be-
havioral change.

Prevent excessive use of energy efficient products due to income effect. Visualizing
household energy use can remind prosumers that electricity is not always free (there are
times and periods when it is charged for), and it may also help prevent excessive use
of energy efficient products and moral licensing. In addition, subsidies and tax incen-
tives for the introductionof energy efficient products inhouseholdswithPV installations
need to be carefully implemented, as they may lead to unintended increases in energy
consumption.

Preventing excessiveuseof EVsdue to substitution effects. The switch fromgasoline-
powered vehicles to EVs and the resulting increase in self-consumption of electricity in
householdswith residential PV installations is not a bad thing, and should be promoted.
What is important is to prevent excessive use of EVs in households with residential PV
installations and the resulting dependence on fossil fuel-based grid electricity. Themis-
conception of prosumers that “electricity is always free” may lead to excessive increases
in thedistance traveledbyEVscompared towhen theyownedgasoline-poweredvehicles
(i.e., the rebound effect of EVs). In addition, some prosumers may purchase additional
EVs, which is not desirable from theperspective of increasing life cycle carbon emissions
when considering manufacturing and disposal. It is necessary to understand the mo-
tivations of prosumers to own EVs and appropriately address the concerns mentioned
above.

Preventing the mismatch between supply and demand in households with PV sys-
tems. This empirical study has shown that the introduction of storage batteries can
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shift the energy supply within the household to peak hours of electricity demand, and
contribute to reducing electricity costs. The elimination of the mismatch between sup-
ply and demand through the introduction of storage batteries can also contribute to re-
ducingcarbonemissionsandalleviatingdependenceon fossil fuel-basedgrid electricity.
The initial cost of storage batteries is high, and this may be a significant barrier to their
adoption for some prosumers, therefore, appropriate operation of subsidies, tax incen-
tives, and loan systems for the promotion of storage batteries is required.

6 Conclusion

In this study, we explored the complexities of electricity consumption patterns among
households with residential solar PV systems, focusing on the various factors such as
solar adoption, pro-environmental behaviors, and technological adoptions.

Our findings reveal that while solar PV adoption generally aims to reduce reliance on
fossil fuels, its impact on electricity usage is multifaceted, shaped by household behav-
iors that can both increase and decrease electricity costs across seasons. Notably, while
pro-environmental behaviors are often linked to reduced energy use, they can some-
times contribute to increased electricity costs, suggesting an interaction between solar
adoption and daily lifestyle choices. We explain the mechanism through income effect
and substitution effects.

This studyunderscores the importance of understanding these behavioral dynamics.
Householdsmay view solar energy as a low-cost resource, prompting a "moral licensing"
effect that can lead to higher consumption. On the other hand, solar adoption can foster
environmentally friendly actions, such as the adoption of energy-saving technologies,
which help to offset electricity costs. The seasonality of these behaviors further illus-
trates that household electricity usage varies with both environmental conditions and
the perceived advantages of solar energy.

Overall, these insights provide an understanding of how residential solar PV systems
impact energy consumption, especially in urban settings where lifestyle choices signifi-
cantly shape carbon footprints. Recognizing these behavioral effects can enable policy-
makers and stakeholders to design strategies that maximize the environmental benefits
of solar adoption, advancing carbon neutrality and sustainable energy goals.
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Our study has several limitations. First, we use electricity cost as a proxy for car-
bon emissions. Although electricity cost can be a reasonable indicator of electricity us-
age and, by extension, carbon emissions, directly examining emissions poses distinct
challenges. Accurately measuring emissions would require detailed, real-time data on
the energy mix supplying the grid, as this varies by time and region, and it would need
insights into the specific share of fossil and renewable energy generation at any given
moment. Moreover, regional energy policies and grid infrastructure can affect carbon
emissions independently of individual household electricity costs, complicating a direct
analysis. Future research couldbenefit frommodels or data sources that allow for amore
precise assessment of emissions outcomes.

Second, our analysis captures only a snapshot of electricity usage shortly after house-
holds adopt solar PV systems. A longitudinal approach could offer a more comprehen-
sive understanding of how consumption patterns evolve over time, shedding light on
whether behaviors stabilize, intensify, or decrease as households adjust to solar energy
systems. Addressing these areas in future studies could significantly improve our under-
standing of the broader environmental impact of residential solar PV adoption.

Our study provides several avenues for future research. First, previous studies, such
as Frondel et al. (2023) and Qiu et al. (2019), have demonstrated that households with
greater price elasticity exhibit stronger rebound effects. Our findings align with these
observations, suggesting that financial incentives and perceived cost savings from so-
lar PV systems could amplify energy consumption behaviors. A deeper exploration of
this relationship in the Japanese context would be valuable for future research. Sec-
ond, rebound effects at the macro level could have significant implications for Japan’s
national energy consumption. Studies like Galvin et al. (2021) and Sorrell et al. (2009)
suggest that economy-wide rebound effects can undermine the environmental benefits
of renewable energy adoption. Considering Japan’s unique energy landscape, incorpo-
rating macroeconomic perspectives in future research could provide insights into how
rebound effects impact grid stability and national carbon reduction goals. Third, our
study focuses on analyzing energy consumption patterns following solar PV adoption,
but it does not specifically address the motivations behind consumers’ decisions to in-
stall solar systems. Future work could integrate these decision-making factors into the
analysis to better capture the diversity of consumermotivations.
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Appendix A: Additional Tables and Equations

A1 Specific Form of Equations

The complete specifications of the estimationmodel are detailed in this section. Specif-
ically, the structural equation (1) can be expressed as follows:



ln(ElectricityCosti)

ECBi

PEPi

EVi

Batteryi

SolarAdoptioni


=



α11 α12

0 0

0 0

0 0

0 0

0 0



ECBi

PEPi



+



β10 β11 β12 β13 β′
14

0 0 0 β23 0′

0 0 0 β33 0′

β40 0 0 β43 0′

β50 0 0 β53 0′

β60 0 0 0 β′
64





1

EVi

Batteryi

SolarAdoptioni

Socioeconomici


+



ϵ1i

ϵ2i

ϵ3i

ϵ4i

ϵ5i

ϵ6i


,

(3)

where i refers to each individual and α presents the correlation of each latent construct
with dependent variables. The parameters β denotes the correlation between indepen-
dent variables and dependent variables. For example, β12 show the correlation between
solar adoption and the log of electricity cost. ϵ refers to the error terms.
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The detailed form of measurement equation 2 is as follows:

ECB1i

ECB2i

ECB3i

ECB4i

PEP1i

PEP2i

PEP3i


=



λ10 1 0

λ20 λ21 0

λ30 λ31 0

λ40 λ41 0

λ50 0 1

λ60 0 λ62

λ70 0 λ72




1

ECBi

PEPi

+



ν1i

ν2i

ν3i

ν4i

ν5i

ν6i

ν7i


, (4)

where the left side is the vector of the indicator variables listed in Table 1. In terms
of the right side, λ refers to the factor loading of each latent variable to each indicator
variable, and ν corresponds to the error term. From this equation, we can obtain the
relationshipbetween indicator and latent variables andpredict the latent variable scores
for each individual.

By using the estimated coefficient in the equation (3), we can calculate each of the
indirect effects shown in Table 4 as follows:

IndirectEV = β43 × β11, (5)

IndirectBattery = β53 × β12, (6)

IndirectECB = β23 × α11, (7)

IndirectPEP = β33 × α12. (8)

The equations (5)-(8) correspond to the calculation equations for the indirect effects
shown in columns (B) to (E) of Table 1, respectively. Moreover, β13 refers to the coefficient
of solar adoption on the log of electricity cost, which refers to the direct effect (Column
(A)) displayed in Table 1.
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A2 Details for Indicators andMeasurement Equation Results

Tables A1 present the summary statistics for the indicator variables used tomeasure the
latent variables. The indicators for ECB and PEP are dummy variables, while the indica-
tors for environmental attitudes are based on respondents’ scores on a five-point scale
for four items: local environmental issues (ATT1), global environmental issues (ATT2),
energy security (ATT3), and energy supply and demand (ATT4).

Table A1: Descriptive Statistics for Indicator Variables

Variable Observations Mean Std. Dev. Min Max
Winter
ECB1 3,916 0.646 0.478 0 1
ECB2 3,916 0.421 0.494 0 1
ECB3 3,916 0.292 0.455 0 1
ECB4 3,916 0.389 0.488 0 1
PEP1 3,916 0.088 0.284 0 1
PEP2 3,916 0.056 0.230 0 1
PEP3 3,916 0.029 0.168 0 1
Summer
ECB1 3,916 0.604 0.489 0 1
ECB2 3,916 0.419 0.493 0 1
ECB3 3,916 0.275 0.446 0 1
ECB4 3,916 0.429 0.495 0 1
PEP1 3,916 0.065 0.247 0 1
PEP2 3,916 0.033 0.178 0 1
PEP3 3,916 0.026 0.158 0 1
Spring
ECB1 3,916 0.607 0.488 0 1
ECB2 3,916 0.434 0.496 0 1
ECB3 3,916 0.269 0.444 0 1
ECB4 3,916 0.323 0.468 0 1
PEP1 3,916 0.043 0.203 0 1
PEP2 3,916 0.025 0.156 0 1
PEP3 3,916 0.022 0.147 0 1
Attitude
ATT1 3,916 3.222 1.028 1 5
ATT2 3,916 3.421 1.053 1 5
ATT3 3,916 3.415 1.004 1 5
ATT4 3,916 3.532 0.982 1 5

Tables A2-A4 display the estimated coefficients for the measurement equations, il-
lustrating the relationships between each indicator variable and its corresponding latent
variable. Notably, all coefficients for the indicator variables of energy conservation be-
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havior arenegative, indicating that the latent variableECB represents the extent towhich
individuals lack engagement in energy conservation behavior. Conversely, with all coef-
ficients for purchasing energy-efficient products being positive, PEP reflects the degree
to which individuals are inclined to buy energy-efficient products.

Table A2: Standardized Coefficients of Measurement Equations andModel Fit Statistics
(Winter)

Measurement Coefficient Std. Err. z P>z [95% Conf. Interval]

ECB1
nECB -0.514 0.094 -5.45 0.000 [-0.699, -0.329]
_cons 1.345 0.022 60.20 0.000 [1.301, 1.389]
ECB2
nECB -0.862 0.157 -5.48 0.000 [-1.171, -0.554]
_cons 0.845 0.019 43.40 0.000 [0.807, 0.883]
ECB3
nECB -0.741 0.216 -3.44 0.001 [-1.164, -0.319]
_cons 0.635 0.018 34.94 0.000 [0.599, 0.670]
ECB4
nECB -0.408 0.078 -5.20 0.000 [-0.562, -0.254]
_cons 0.794 0.019 42.80 0.000 [0.757, 0.830]
PEP1
PEP 0.566 0.024 23.32 0.000 [0.519, 0.614]
_cons 0.289 0.017 17.03 0.000 [0.256, 0.323]
PEP2
PEP 0.550 0.024 23.11 0.000 [0.503, 0.596]
_cons 0.222 0.017 13.22 0.000 [0.189, 0.255]
PEP3
PEP 0.433 0.021 20.38 0.000 [0.392, 0.475]
_cons 0.156 0.016 9.49 0.000 [0.124, 0.189]
Model Fit Statistics
LR test of model vs. saturated: χ2(143) = 867.41, Prob > χ2 = 0.0000

Tables A5 and A6 present the correlation matrices for the indicator variables of ECB
and PEP, respectively. These tables show that within each latent variable, all indicator
variables are positively correlated, suggesting a shared tendency across behaviors. This
positive correlation supports the approach of deriving a latent variable from these indi-
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cator variables.
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Table A3: Standardized Coefficients of Measurement Equations andModel Fit Statistics
(Summer)

Measurement Coefficient Std. Err. z P>z [95% Conf. Interval]

ECB1
nECB -0.777 0.102 -7.64 0.000 [-0.976, -0.577]
_cons 1.248 0.022 56.65 0.000 [1.204, 1.291]
ECB2
nECB -0.707 0.093 -7.61 0.000 [-0.889, -0.525]
_cons 0.856 0.019 44.72 0.000 [0.818, 0.893]
ECB3
nECB -0.452 0.163 -2.77 0.006 [-0.773, -0.132]
_cons 0.620 0.018 35.09 0.000 [0.585, 0.654]
ECB4
nECB -0.291 0.042 -6.98 0.000 [-0.372, -0.209]
_cons 0.876 0.019 46.63 0.000 [0.839, 0.913]
PEP1
PEP 0.497 0.024 20.65 0.000 [0.450, 0.544]
_cons 0.235 0.017 14.11 0.000 [0.203, 0.268]
PEP2
PEP 0.527 0.025 21.18 0.000 [0.478, 0.576]
_cons 0.155 0.017 9.33 0.000 [0.122, 0.188]
PEP3
PEP 0.448 0.023 19.58 0.000 [0.404, 0.493]
_cons 0.134 0.016 8.18 0.000 [0.102, 0.167]
Model Fit Statistics
LR test of model vs. saturated: χ2(143) = 767.46, Prob > χ2 = 0.0000
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Table A4: Standardized Coefficients of Measurement Equations andModel Fit Statistics
(Spring)

Measurement Coefficient Std. Err. z P>z [95% Conf. Interval]

ECB1
nECB -0.986 0.239 -4.13 0.000 [-1.454, -0.518]
_cons 1.260 0.023 55.71 0.000 [1.216, 1.304]
ECB2
nECB -0.577 0.140 -4.12 0.000 [-0.851, -0.302]
_cons 0.882 0.019 45.86 0.000 [0.845, 0.920]
ECB3
nECB -0.382 0.277 -1.38 0.168 [-0.925, 0.161]
_cons 0.614 0.018 34.28 0.000 [0.579, 0.649]
ECB4
nECB -0.207 0.052 -3.99 0.000 [-0.308, -0.105]
_cons 0.699 0.018 38.91 0.000 [0.664, 0.734]
PEP1
PEP 0.521 0.025 20.97 0.000 [0.472, 0.570]
_cons 0.180 0.017 10.72 0.000 [0.147, 0.213]
PEP2
PEP 0.492 0.024 20.43 0.000 [0.445, 0.539]
_cons 0.130 0.017 7.79 0.000 [0.097, 0.163]
PEP3
PEP 0.449 0.023 19.20 0.000 [0.403, 0.495]
_cons 0.122 0.017 7.36 0.000 [0.090, 0.155]
Model Fit Statistics
LR test of model vs. saturated: χ2(143) = 739.65, Prob > χ2 = 0.0000

Table A5: CorrelationMatrix of Indicator Variables for ECB

ECB1 ECB2 ECB3 ECB4

ECB1 1.000
ECB2 0.469 1.000
ECB3 0.327 0.389 1.000
ECB4 0.249 0.240 0.208 1.000
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Table A6: CorrelationMatrix of Indicator Variables for PEP

PEP1 PEP2 PEP3

PEP1 1.000
PEP2 0.291 1.000
PEP3 0.222 0.220 1.000
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